We study the joint route assignment and charge scheduling problem of a transit system dispatcher operating a fleet of electric buses in order to maximize solar energy integration and reduce energy costs. Specifically, we consider a complex bus transit system with preexisting routes, limited charging infrastructure, limited number of electric buses, and time-varying electricity rates. We present a mixed integer linear program (MILP) that yields the minimal cost daily operation strategy for the fleet (i.e., route assignments and charging schedules using daily solar forecasts). We present numerical results from a realworld case study with Stanford University's Marguerite Shuttle (a large-scale electric bus fleet) to demonstrate the validity of our solution and highlight the significant cost savings compared to the status quo.
I. INTRODUCTION
Due to the potential reduction in operational costs [1] , elimination of tailpipe emissions [2] , and encouragement from government agencies [3] , transit systems have started to purchase electric buses over the traditional diesel or compressed natural gas (CNG) buses. At surface level, replacing traditional buses with electric buses might seem like a simple task; however, there are many obstacles preventing a transit system from simply assigning electric buses to existing routes that were previously served by diesel buses.
The two most fundamental obstacles are the restricted travel distance and lengthy recharge time of electric buses. Even with recent advances in electric transportation and battery technology, modern electric buses are commonly restricted to operate within 20%-95% state of charge (SOC) to prevent stressing the batteries and reducing lifespan [4] . Combining this SOC limitation with the high cost of large battery packs, most electric buses are currently inferior to diesel/CNG buses in operational range. Second, the recharging process of an electric bus takes significantly more time than the refueling process of a diesel/CNG bus [4] . Additionally, due to the lengthy recharge time and limited charging infrastructure, the transit system dispatcher must be mindful of how the fleet's recharging infrastructure is managed in order to provide adequate energy to serve routes.
Despite the aforementioned challenges, the promise of eliminating large amounts of greenhouse gas emissions from transit buses has enticed early adopters to operate fleets of electric buses since the early 21st century [1] ; however, it is likely that these electric bus fleets are operating suboptimally in their recharging strategies and route assignments [5] . Accordingly, there has been increasing interest in the optimal operation and infrastructure planning of electric bus fleets.
The first category of work that studies optimized charging for electric bus fleets considers the assignment of buses to routes as given, i.e., the times at which each bus is parked and is available to recharge is predetermined. Specifically, the authors of [6] present an optimization model for installing charging infrastructure and sizing batteries for a cost-effective electric bus fleet. Similarly, the authors of [5] consider infrastructure planning as well as fleet composition and the recharging process, with the goal of minimizing total cost of ownership (TOC) of the fleet. Moving away from infrastructure planning, the authors of [7] present a method to minimize battery aging costs of an electric bus fleet recharging at nighttime. The authors of [8] present the cost savings from controlling the charging thresholds for a fleet of electric buses serving one route continuously in Tallahassee, Florida. Similarly, the authors of [9] present a MILP framework for scheduling bus charging and show the potential cost savings from an electric bus fleet in Davis, California. Furthermore, [10] presents a charging strategy for electric buses with fast charging infrastructure.
Considering both route assignment and charge scheduling (i.e., the mobility-aware setting) the authors of [11] present a k-greedy solution method to maximize travel distance of each electric bus within the fleet. A work similar to ours, [12] , presents a linear formulation for route assignment and charge scheduling; however, the aim is to minimize the number of electric buses needed to replace an existing diesel fleet. Hence, the variability of electricity costs are not considered.
Similar to the aforementioned papers, the work presented in this manuscript considers both the route assignment and charge scheduling problem of an electric bus fleet. However, the presented approach is able to improve upon previous mobilityaware work by accounting for time-varying electricity prices, utilizing on-site solar energy generation, and providing a minimal cost schedule for the fleet's daily operation.
Organization: Section II describes the problem of a fleet dispatcher operating a fleet of electric buses and proposes a mixed integer linear program (MILP) formulation that solves for the minimal cost route assignments and recharging schedule. Section III presents the results of the MILP for the real-world example of Stanford's Marguerite Shuttle Transit System. 
II. PROBLEM DESCRIPTION
We consider a fleet dispatcher attempting to optimize an electric bus transit system. Specifically, the fleet dispatcher aims to assign electric buses to serve the daily trips and schedule the recharging of the buses to minimize electricity cost (e.g., recharging during the inexpensive electricity rates of nighttime or when solar generation is abundant while still fulfilling all required bus routes). In the following, we consider the case where the physical infrastructure (e.g., buses, chargers, parking spots, etc.) and time-tables (e.g., routes, stops, start/end times, etc.) are already established within the transit system, but not yet optimized for the aforementioned objective (as is the case for the Stanford University Marguerite Shuttle, discussed in Section III). Given the transit system's fixed timetable and electric bus infrastructure, the fleet dispatcher seeks to answer questions such as the following:
1) Which electric bus should be assigned to each route at each time? 2) When should each electric bus be recharged? 3) Does the system need to utilize spare diesel buses to supplement the electric buses? 4) Would more infrastructure benefit the daily operation of the electric bus fleet? 5) What size of on-site solar generation system is needed to fully supply the fleet with renewable energy?
Let us consider the Stanford Marguerite Shuttle Transit System ( Figure I ) which consists of 38 electric buses, 23 diesel buses, 23 electric bus chargers, and total of 20 daily routes. Currently, the assignment of buses to routes and their recharging strategy follows rules adopted by operators that work well in practice by ensuring sufficient charge is available for service. However, as we demonstrate in our numerical case study, the current assignment results in significant losses for the transit system in terms of daily operational costs and can be improved upon through a joint charge and route assignment policy. As such, in order to optimize the decision making problem of the fleet dispatcher, we formulate a mixedinteger-linear-program (MILP) to solve for both the optimal recharging schedules and route assignments for an electric bus transit system.
A. MILP Formulation
In the electric bus transit system, we consider one central transit center (i.e., bus depot) from which all the buses start and finish their routes as well as recharge. The buses are required to serve numerous routes throughout the service area, and each route must be served multiple times each day (i.e., the electric bus fleet is required to fulfill multiple trips for each route). We denote S as the set of scheduled trips across all routes that need to be fulfilled. For each trip i ∈ S, let a i and b i denote the start and end time of trip i. More specifically, these are the times that a bus leaves the depot and later returns if serving trip i. If trip i is a one-way route that does not loop back to the depot, we account for the extra duration for the bus to return to the depot in b i accordingly (i.e., the trip end time b i accounts for "deadhead" travel). Similarly, if a route does not start at the depot, we account for the deadhead travel time to the starting location in a i .
In order to capture the state of charge of each bus at any time t, we discretize the day into T time steps (e.g., five minute intervals) and T is the set of time steps for an entire day. Furthermore, let d i be the energy consumption per time step for a bus serving trip i (while we assume that varying traffic conditions across different routes can affect energy consumption rates, we assume that the buses are identical in their energy consumption when they serve the same route). Let K be the set of electric buses and N be the set of electric bus chargers installed at the central depot. For each charger n ∈ N , u n is the charging rate. Additionally, let p = [p(t)] t∈T be the vector of electricity prices for an entire day. We denote as E k min and E k max the minimum and maximum energy levels for bus k, respectively. The fleet dispatcher usually sets E k min > 0, ∀k ∈ K for safety precautions. Let g(t) be the available on-site solar generation at time t, which we assume is known at the time of dispatch. Moreover, we assume that the electricity used from the on-site solar generation is free for the operator. Last, we denote the initial energy level of bus k as e k 0 . Next, we describe the decision variables used in the MILP formulation. We set the binary variable X k i (t) to 1 if bus k is serving trip i at time t and 0 otherwise. We set the binary variable Z k (t) to 1 if bus k is charging at time t and 0 otherwise. We set the binary variable Y k n (t) to 1 if bus k is occupying charger n at time t and 0 otherwise. We use the variable E k (t) to track the energy level of bus k at time t. Lastly, let V (t) be the total amount of electricity that the dispatcher purchases from the grid at time t, and S(t) be the amount of electricity that buses obtain from the available onsite solar generation at time t. With the necessary notation and decision variables, the joint charging and routing MILP for the electric bus fleet can be formulated as follows:
Subject to:
The objective in equation (1a) aims to minimize the daily electricity cost of recharging the bus fleet. Constraint (1b) ensures that a bus is either charging, serving a trip, or parked in the depot (without charging). Constraint (1c) ensures that all the required daily trips will be served by a bus. Constraint (1d) ensures that one unique bus will serve each trip (i.e., a trip cannot be interrupted to switch buses). Constraint (1e) ensures that a bus can only occupy one charger per time slot. Constraint (1f) guarantees that if a bus is occupying a charger, then it is charging. Constraint (1g) calculates the energy level of each bus in each time epoch. Specifically, the energy level at time t is equal to the energy level at time t−1 plus the charged energy if the bus was charging or minus the spent energy if the bus was serving a trip. Constraint (1h) ensures that buses obtain electricity from either the grid or on-site solar. Constraint (1i) ensures that the buses operate above a desired minimum energy threshold. Constraints (1j)-(1l) are binary constraints on the decision variables. Constraint (1m) ensures that the solar energy used by the bus fleet is less than or equal to available solar generation at time t. Lastly, constraint (1n) Partial-Peak $0.11356/kWh 9:30pm-12:00am
Off-Peak $0.08422/kWh sets the initial energy of each bus and constraint (1o) ensures that the energy level of the fleet returns to the initial value so the same route assignments and charge schedule can be used for the next day.
B. Behind-the-Meter Solar Integration
To exploit free on-site solar energy and to avoid injecting excess power back into the distribution grid, the fleet dispatcher prioritizes recharging the buses during periods when solar generation is available. Only if there is not enough solar energy, then the fleet dispatcher should purchase electricity from the grid. As stated in Section II-A, to accommodate behindthe-meter solar integration, the dispatcher's MILP formulation makes use of a daily solar forecast, g(t)| t=1,...,T . This can be estimated from forecast models, including those that use weather forecasts, and previous years' solar irradiance data. We note that if the solar generation is over-estimated, then the fleet will have to purchase more expensive grid energy potentially during peak times such as midday. As such, a conservative estimate is preferred as cheaper electricity can be procured in the late night period. Future work could investigate moving-horizon solution methods to account for stochastic solar generation and update the route and charge assignments in real-time as solar energy data becomes available.
III. CASE STUDY
As stated in the introduction, the motivation for the proposed MILP for electric bus fleets is the real-world Stanford Marguerite Shuttle Transit System ( Figure I) . The Marguerite Shuttle System is free, open to the public, and operates seven days a week all year traversing the Stanford campus and surrounding areas. More specific information can be found at https://transportation.stanford.edu/marguerite.
A. Stanford Marguerite Shuttle System Information
Currently, the Marguerite fleet consists of 23 diesel buses and 38 electric buses from BYD split into 10 K7 models with battery capacity of 197kWh, 10 K9 models and 18 K9M models, both with 324kWh battery capacity. Additionally, the central depot is equipped with 23 double port electric bus chargers where each port can deliver up to 40kW. Each bus can be charged from one or two ports for a total power of 80kW. For the electricity rates, we consider PG&E's E-20 electricity rate structure for off-peak, partial-peak, and peak hours. The electricity rates are given in Table I . Furthermore, the Marguerite Shuttle system serves up to 20 unique routes on any given day. Across all 20 routes, 15 of them are mainly fulfilled by electric buses, meaning that the electric bus fleet is required to make 352 trips per day, during weekdays. The specific routes and mileages are listed in Table II . For the purposes of this numerical example, the solar forecast used was an average daily solar generation calculated from October 2019 with a maximum generation of 1 MW. The solar forecast is displayed in Figure 2 .
B. Simulation Results
The proposed MILP was implemented in Matlab making use of CVX and Mosek. All numerical experiments were run on a laptop with 16 GB of RAM and 3.5 GHz Intel i7 processor. This section reports on the charging schedule, route assignments, and cost savings when comparing the proposed MILP solution with on-site solar generation, without on-site solar generation, and the status quo (i.e., the status quo is the actual operations of the Stanford Marguerite Fleet from 7-October-2019) which does not yet exploit free on-site solar generation. Figure 3 presents the energy levels of each bus in the fleet during the day when the dispatch is generated through our proposed MILP. Time on the x-axis begins at 5:00am, as this is the start of the earliest route that must be fulfilled. The left plot shows the energy levels of the buses when the MILP is not utilizing on-site solar generation. The right plot shows the battery levels of the buses when the MILP accounts for on-site solar generation. It will become more clear when examining Figure 4 that the buses charge more during midday in the right plot than the left, to make use of the free on-site solar. Figure 4 presents the total charging power of the fleet across the entire day. The red curve presents the total charging power for the MILP solution that does not exploit on-site solar generation. Conversely, the blue plot shows the fleet's total charging power from the MILP solution that does account for on-site solar generation. It is clear from this plot that the solution that accounts for on-site solar (blue) is able to charge in the middle of the day when solar is abundant; however, the solution that does not exploit solar (red) does not charge during the midday as the electricity prices are highest at this time. Instead, the fleet has a spike in charging power in the evening when electricity rates are decreased. This large transient in the evening could be detrimental to grid stability, increase in harmonics, accelerate aging of grid assets (i.e. transformers) and could potentially lead to demand charges for the fleet dispatcher due to high power consumption. As such, the solution making use of on-site solar generation with a forecasting method is preferable.
Last, Figure 5 presents the daily electricity costs for the three different test cases. Case A: Status Quo. We had access to the data from the operations of the Stanford Marguerite fleet on 7-October-2019 and calculated the cost of charging the fleet under the E-20 rate structure. As such, under normal operation, the daily operational cost was $715.10 USD. Case B corresponds to the solution of the proposed MILP with the same routes, buses, and chargers as Case A; however, the mobility-aware solution reassigned buses to new trips and rescheduled the charging of each bus. In Case B, the MILP solution did not account for on-site solar and the daily cost was $267.90 USD. Last, Case C was identical to Case B; however, the MILP accounted for the on-site solar generation and had access to the daily solar forecast. As such, the daily cost was reduced to $61.89 USD. From these results, it is evident that the fleet dispatcher benefits from the MILP formulation for routing and charging (55% decrease in cost in Case B).
IV. CONCLUSION
In this paper, we investigated the joint route assignment and charge scheduling problem of a transit system dispatcher operating a fleet of electric buses in order to maximize solar energy integration and reduce energy costs. We considered a complex bus transit system with preexisting routes, limited charging infrastructure, limited number of electric buses, and time-varying electricity rates. We presented a mixed integer linear program (MILP) that yields route assignments and charging schedules using daily solar forecasts. We presented numerical results from a real-world case study with Stanford University's Marguerite Shuttle to demonstrate the cost-saving benefits of our solution and highlight the significant cost savings compared to the status quo.
Future work includes investigating a moving-horizon solution approach to account for stochastic solar generation. Additionally, we would like to add traditional diesel routes to the optimization to further minimize emissions and to expand the clean operation of the electric bus fleet. Further future work can include performing field test experiments with real buses during operational hours, determining the optimal solar capacity to fully charge the electric bus fleet, and quantify the value and size of onsite solar and battery combination for resiliency.
